Researchers in the social and behavioral sciences often have clear expectations about the order/direction of the parameters in their statistical model. For example, a researcher might expect that regression coefficient β 1 is larger than β 2 and β 3 . The corresponding hypothesis is H: β 1 > {β 2 , β 3 } and this is known as an (order) constrained hypothesis. A major advantage of testing such a hypothesis is that power can be gained and inherently a smaller sample size is needed. This article discusses this gain in sample size reduction, when an increasing number of constraints is included into the hypothesis. The main goal is to present sample-size tables for constrained hypotheses. A sample-size table contains the necessary sample-size at a pre-specified power (say, 0.80) for an increasing number of constraints. To obtain sample-size tables, two Monte Carlo simulations were performed, one for ANOVA and one for multiple regression. Three results are salient. First, in an ANOVA the needed sample-size decreases with 30-50% when complete ordering of the parameters is taken into account. Second, small deviations from the imposed order have only a minor impact on the power. Third, at the maximum number of constraints, the linear regression results are comparable with the ANOVA results. However, in the case of fewer constraints, ordering the parameters (e.g., β 1 > β 2 ) results in a higher power than assigning a positive or a negative sign to the parameters (e.g., β 1 > 0).
INTRODUCTION
Suppose that a group of researchers is interested in the effects of a new drug in combination with cognitive behavioral therapy (CBT) to diminish depression. One of their hypothesis is that CBT in combination with drugs is more effective than CBT only and that the new drug is more effective than the old drug. In symbols this hypothesis can be expressed as H CBT : μ 1 < μ 2 < μ 3 (μ 1 = CBT new_drug , μ 2 = CBT old_drug , μ 3 = CBT no_drug ), where μ reflects the population mean for each group. To replace the old drug with the new one, the researchers want at least a medium effect size of f = 0.25. Classical sample-size tables based on the F-test (see for example Cohen, 1988) show that in case of three groups, f = 0.25 and a significance level of α = 0.05, 159 subjects are necessary to obtain a power of 0.80. However, the expected ordering of the means is in this case completely ignored. When the order is taken into account (here two order constraints), then the results from our simulation study (see Table 1 , to be explained below) show that with fully ordered means a sample-size reduction of about 30% can be gained.
Consider another example of a constrained hypothesis but now in the context of linear regression. Suppose that a group of researchers wants to investigate the relation between the target variable IQ and five exploratory variables. Three exploratory variables are expected to be positively associated with an increase of IQ, while two are expected to be negatively associated:
• social skills (β 1 > 0)
• interest in artistic activities (β 2 > 0) • use of complicated language patterns (β 3 > 0)
• start walking age (β 4 < 0)
• start talking age (β 5 < 0)
To test this hypothesis an omnibus F-test is often used, where the user-specified model (including all predictors) is tested against the null model (including an intercept only). In our example, the null hypothesis is specified as H 0 : β 1 = β 2 = β 3 = β 4 = β 5 = 0. Classical sample-size tables show that in case of a medium effectsize (f 2 = 0.10) 135 subjects are necessary to obtain a power of 0.80 (α = 0.05). However, all information about the expected direction of the effects is completely ignored. When this information is taken into account, then our simulation results (see Table 2 , to be explained below) show that with imposing five inequality constraints, a sample-size reduction of about 34% can be gained. If we impose 2 inequality constraints, the reduction drops to about 14%. This clearly shows that imposing more inequality constraints on the regression coefficients results in more power. Note that the researchers only imposed inequality constraints on the variables of interest. But, this does not have to be the case. Additional power can be gained by also assigning positive or negative associations to control variables. For example, the researchers could have controlled for socioeconomic status (SES). Although, SES is not part of the researchers main interest, they could have constrained SES to be positively associated with IQ if they have clear expectations about the sign of the effect. In this vein, a priori knowledge about the sign of a regression parameter can be an easy solution to increase the number of constraints and, therefore, decreasing the necessary sample-size (Hoijtink, 2012) . Constrained statistical inference (CSI) has a long history in the statistical literature. A famous work is the classical monograph by Barlow et al. (1972) , which summarized the development of order CSI in the 1950s and 1960s. Robertson et al. (1988) captured the developments of CSI in the 1970s to early 1980s and Silvapulle and Sen (2005) present the state-of-the-art with respect to CSI. Although, a significant amount of new developments have taken place for the past 60 years, the relationship between power and CSI has hardly been investigated. An appealing feature of constrained hypothesis testing is that, without any additional assumptions, power can be gained (Bartholomew, 1961a,b; Perlman, 1969; Barlow et al., 1972; Robertson et al., 1988; Wolak, 1989; Silvapulle and Sen, 2005; Kuiper et al., 2011; Van De Schoot and Strohmeier, 2011) . Many applied users are familiar with this fact in the context of the classical t-test. Here, it is well-known that the one-sided ttest (e.g., μ 1 = μ 2 against μ 1 > μ 2 ) has more power than the two-sided t-test (e.g., μ 1 = μ 2 against μ 1 = μ 2 ), because the pvalue for the latter case has to be multiplied by two. We show that this gain in power readily extends to the setting where more than one constraint can be imposed. For example, in an ANOVA with three groups the number of order constraints may be one or two, depending on the available information about the order of the means. Hence, we present sample-size tables for constrained hypothesis tests in linear models with an increasing number of constraints. These tables will be comparable with the familiar sample-size tables in Cohen (1988) which are often seen as the "gold" standard. The major advantage of our sample-size tables is that researchers are able to look up the necessary sample size for various numbers of imposed constraints. The remainder of this article is organized as follows. First, we introduce hypothesis test Type A and hypothesis test Type B, which are used for testing constrained hypotheses. Second, we present sample-size tables for order-constrained ANOVA, followed by sample-size tables for inequality-constrained linear regression models. For both models we present sample-size tables which depict the necessary sample size at a power of 0.80 for an increasing number of constraints. Next, we provide some guidelines for using the sample-size tables. Finally, we demonstrate the use of the sample-size tables based on the CBT and IQ examples and we provide R (R Development Core Team, 2012) code for testing the constrained hypotheses. Note that the article has been organized in such a way that the technical details are presented in the Appendices and can be skipped by less technical inclined readers who are interested primarily in the sample-size tables.
HYPOTHESIS TEST TYPE A AND TYPE B
In the statistical literature, two types of hypothesis tests are described for evaluating constrained hypotheses, namely hypothesis test Type A and Type B (Silvapulle and Sen, 2005) . A formal definition of hypothesis test Type A and hypothesis test Type B is given in Supplementary Material, Appendix 1. Consider for example the following (order) constrained hypothesis: H: μ 1 < μ 2 < μ 3 . Here, the order of the means is restricted by imposing two inequality constraints. In hypothesis test Type A, the classical null hypothesis H A0 is tested against the (order) constrained alternative H A1 and can be summarized as: Type A:
In hypothesis test Type B, the null hypothesis is the (order) constrained hypothesis H B0 and it is tested against the two-sided unconstrained hypothesis H B1 and can be summarized as: Type B:
Note the difference with classical null hypothesis testing, where the hypothesis H A0 is tested against the two-sided unconstrained hypothesis H B1 . To evaluate constrained hypotheses, like H: In addition, because we are mainly interested in the power of the combination of both hypothesis tests, we introduce a new hypothesis test called Type J. The power of Type J is the probability of not rejecting hypothesis test Type B times the probability that hypothesis test Type A is rejected given that hypothesis test Type B is not rejected. However, in case of constraint misspecification, we will call it pseudo power. This is because for hypothesis test Type B, power is defined as the probability that the hypothesis is correctly not rejected. Since this is not in accordance with the classical definition of power, we call it pseudo power. In this article, we make use of theF (F-bar) statistic for testing hypothesis test Type A and hypothesis test Type B. TheF is an adapted version of the well-known F statistic often used in ANOVA and linear regression and can deal with order/inequality constraints. The technical details of theF statistic are discussed in Supplementary Material, Appendix 2, including a brief historical overview. To calculate the p-value of theF statistic, we cannot rely on the null distribution of F as in the classical F-test. However, we can compute the tail probabilities of theF distribution by simulation or via the multivariate normal distribution function. The technical details for computing the p-value based on the two approaches are discussed in Supplementary Material, Appendix 3.
Several software routines are available for testing constrained hypotheses using theF statistic (hypothesis test Type A and Type B). Ordered means may be evaluated by the software routine "Confirmatory ANOVA" discussed in . An extension for linear regression models is available in the R package ic.infer or in our own written R function csi.lm(). The function is available online at http://github.com/LeonardV/CSI_lm. Hypothesis test Type A may also be evaluated by the statistical software SAS/STAT® (SAS Institute Inc., 2012) using the PLM procedure.
SAMPLE-SIZE TABLES FOR ORDER CONSTRAINED ANOVA
In this section we calculate the sample size according to a power of 0.80 for hypothesis test Type J. We will in particular investigate (a) the gain in power when we impose an increasingly number of correctly specified order constraints on the One-Way ANOVA model; (b) the pseudo power when some of the means are not in line with the ordered hypothesis.
CORRECTLY SPECIFIED ORDER CONSTRAINTS
We consider the model
. . , n, where we assume that the residuals are normally distributed. Data are generated according to this model with uncorrelated independent variables, for k = 3, . . . , 8 groups, and for a variety of real differences among the population means, f = 0.10 (small), 0.15, 0.20, 0.25 (medium), 0.30, 0.40 (large) , where f is defined according to Cohen (1988, pp. 274-275) . We generated 20,000 datasets for N = 6, . . . , n, where n is eventually the sample-size per group at a power of 0.80. The simulated power is simply the proportion of p-values smaller than the pre-defined significance level. In this study we choose the arbitrary value α = 0.05. An extensive description of the simulation procedure is given in Supplementary Material, Appendix 4. Table 1 shows the result of the simulation study in which we investigated the sample size at a power of 0.80 for different effect sizes and an increasing number of order constraints. For example, the first row (n k3 0 ) presents the sample-sizes per group for an ANOVA with k = 3 groups and no constraints. These sample-sizes are equal to those in Cohen (1988) 1 . The second row (n k3 1 ) shows the sample-sizes per group for k = 3 and 1 imposed order constraint, and so on. The values between the parentheses show the relative sample-size reduction. The second column represents the Type I error rates. The values are computed based on the smallest sample size given in the last column (S = 10,000, S is the number of datasets). All results are close to the pre-defined value of α = 0.05, despite the fact that hypothesis test Type J is a composite of hypothesis test Type A and Type B.
The results show that, for any value of f , the sample size decreases with the restrictiveness of the hypothesis. In other words, more information about the means, provided by the order constraints imposed on them, leads to a higher power. For example, in case of a small effect size (f = 0.10) and k = 4, the total sample size reduction with 1 constraint is 96 (274-250 = 24, 4 × 24 = 96), with 2 constraints 228 (4 × 57), and with 3 constraints 400 (4 × 100). Noteworthy, within a certain group k and a given number of constraints, the sample size decreases relatively equal across effect sizes. For example, if k = 4 and 3 constraints are imposed, the sample size decreases approximately 36%, independent of effect size. In addition, we compared the results of hypothesis test Type J with the results of hypothesis test Type A (not shown here). The results are almost identical and show only some minor fluctuations, which confirms that hypothesis test Type B only plays a significant role when the means are not in line with the imposed order.
INCORRECT ORDER OF THE MEANS
The preceding calculations have all been for sets of means which satisfy the order constraints. Its power (read pseudo power) when the order of the means is not satisfied is also of our concern. In particular we would like to know about the power when the means are not perfectly in line with the ordered hypothesis. In this vein, we focus on the scenario that k = 4, f = 0.10, 0.25, 0.40 and three order constraints. The two outer means are fixed and only the two middle means are varied. For each value of f five variations are investigated according to the rule μ i γ (i = 2, 3), where γ = 0, −0.25, −0.50, −0.75, −1, and reflects minor to larger violations.
The results reveal that the power for Hypothesis test Type A (H A0 vs. H A1 ) is largely dominated by the extremes (here the first and last mean). This means that, irrespective of the deviations of the two middle means, the power is almost not affected. The results for hypothesis test Type B (H B0 vs. H B1 ) clearly show that the power to detect mean deviations increases with sample size. We can conclude that the pseudo power for Type J is less affected by minor mean deviations, where large violations may affect the pseudo power severely. This effect becomes more pronounced with larger effect sizes.
SAMPLE-SIZE TABLES FOR INEQUALITY CONSTRAINED LINEAR REGRESSION
In this section we calculate again the sample size according to a power of 0.80 for hypothesis test Type J. But now we impose only an increasing number of correctly specified inequality constraints on the regression coefficients. We consider the model y i = β 1 x i1 + . . . + β p x ip + i , i = 1, . . . , n, where we assume that the residuals are normally distributed. Data are generated according to this model with correlated independent variables and with fixed and all equal regression coefficients (β i = 0.10). This is because in a non-experimental setting, correlated independent variables are the rule rather than the exception. Therefore, we investigate this for the situations where the predictor variables are weakly (ρ = 0.20) and strongly (ρ = 0.60) correlated. To make a fair comparison with the ANOVA results, we also take ρ = 0 into account. Let f 2 be the effect size with f 2 = 0.02 (small), 0.05, 0.08, 0.10 (medium), 0.15, 0.20, 0.25, 0.35 (large), where f is defined according to Cohen (1988, pp. 280-281) . All remaining steps are identical to the ANOVA setting. A detailed description of the simulation procedure is given in Supplementary Material, Appendix 5. The first observations that can be made on the Tables 2, 3 , and 4 are that all Type I error values (see second column) are close to the pre-defined value of α = 0.05. The values are computed based on the smallest sample given in the last column. Second, in accordance with the ANOVA results, for any value of f 2 , the sample size decreases with the restrictiveness of the hypothesis. Third, the relative decrease is independent of effect size. Table 2 presents the results for ρ = 0. When we compare these results with the ANOVA results in Table 1 it is clear that imposing inequality constraints (e.g., β i > 0) on the regression coefficients leads to a lower power compared to order constraints (e.g., μ 1 > μ 2 ). For example, for the case that k = p = 5 and 4 constraints, the sample size reduction is approximately 40 and 29%, respectively. Moreover, at the maximum number of inequality constraints (here 5 constraints) the sample-size reduction of about 36% is still less than when the parameters are fully ordered. The results for a more realistic scenario (ρ = 0.20) are shown in Table 3 . The findings at a maximum number of inequality constraints are comparable with the ANOVA results. For example, the total sample size decrease for p = 3, 5, 7 is approximately 34, 42 and 47%, respectively.
GUIDELINES
If researchers want to use our sample-size tables, then we recommend the following 5 steps:
Step 1 : Formulate the hypothesis of interest.
Step 2a: Formulate any expectations about the order of the model parameters in terms of order constraints (i.e., means in an ANOVA setting and regression coefficients in a linear regression setting). For example, the expectation that the first mean (μ 1 ) is larger than the second (μ 2 ) and third mean (μ 3 ) can be formulated in terms of two order constraints, namely μ 1 > μ 2 and μ 1 > μ 3 .
Step 2b: Formulate any expectations about the sign of the model parameters in terms of inequality constraints. For example, the expectation that three (continuous or dummy) predictor variables are positively associated with the response variable. This can be formulated in terms of three inequality constraints, namely β 1 > 0, β 2 > 0 and β 3 > 0. The value between parentheses is the relative decrease in sample size. The value between parentheses is the relative decrease in sample size.
Step 3: Count the number of non-redundant constraints in step 2a and/or 2b and lookup the needed sample-size in one of the sample-size tables.
Step 4: Collect the data.
Step 5: Evaluate the constrained hypothesis by using for example the csi.lm() function.
ILLUSTRATIONS
To illustrate our method, we consider the CBT and IQ examples. We demonstrate how to use the sample-size tables in practice and we present the R code of the csi.lm() function for testing the constrained hypotheses. The results of the analyses are also briefly discussed. The output of the csi.lm() function for the ANOVA and regression example is provided in Supplementary Materials, Appendices 6 and 7, respectively. The R code and example datasets are available online at http://github.com/LeonardV/CSI_lm.
ANOVA
In the introduction, we discussed the following order-constrained hypothesis (step 1):
where the researchers had clear expectations about the order of the three means. These expectations were translated into two order constraints between the parameters (step 2). The next step, before data collection, is to determine the necessary sample size to obtain a power of say 0.80 (α = 0.05) when the two order constraints are taken into account (step 3). Sample-size tables based on the classical F-test show that in case of k = 3 and f = 0.25 53 subjects per group (159 subjects in total) are necessary. If the researchers plan to use thē F-test instead of the classical F-test, then it can be retrieved from Table 1 that with two order constraints 37 subjects (111 subjects in total) are needed (see row n k3 2 ). That is a total samplesize reduction of about 48 subjects or about 30%. Then, in order to evaluate the order constrained hypothesis, using the csi.lm() function, the next four lines of R code are required (step 5):
R> data <-read.csv("depression.csv") R> model <-'depression~-1 + factor (group)' # -1 no intercept R> R1 <-rbind(c (-1,1,0) , c(0,-1,1)) R> fit.csi <-csi.lm(model, data, ui = R1) In the first line the observed data are loaded into R. The data should be a data frame consisting of two columns. The first column contains the observed depression values, the second column contains the group variable. The second line is the model syntax and it is identical to the model syntax for the R function lm(). The intercept was removed from the model so that the regression coefficients correspond to the means as in an One-Way ANOVA. The third line shows the imposed order-constraints, where c(-1,1,0) indicates the first pairwise order constraint between the first and the second mean and c(0,-1,1) the second pairwise order constraint between the second and the third mean. The forth line calls the actual csi.lm() function for testing the order-constrained hypothesis. The arguments to csi.lm() are the model, the data and the matrix with the imposed constraints.
The results (see Supplementary Material, Appendix 6) show that for Hypothesis test Type B the order constrained hypothesis is not rejected in favor of the unconstrained one,F B = 0.000, p = 1.000 (anF B -value of zero implies that the means are completely in line with the imposed order). The results for hypothesis test Type A indicate that the classical null hypothesis is rejected in favor of the constrained hypothesis,F A = 4.414, p = 0.038. Thus, the results are in line with the expectations of the researchers. Noteworthy, when the order is completely ignored, then the omnibus F-test is not significant, F = 1.718, p = 0.168. This clearly demonstrates that theF-test has substantially more power than the classical F-test.
MULTIPLE REGRESSION
The use of the linear regression sample-size tables is comparable with the ANOVA sample-size table. Recall, that in the IQ example, a group of researchers wanted to investigate the relation between the response variable IQ and five predictor variables (step 1), namely social skills (β 1 ), interest in artistic activities (β 2 ), use of complicated language patterns (β 3 ), start walking age (β 4 ), and start talking age (β 5 ). Their hypothesis of interest was that the first three predictor variables are positively associated with higher levels of IQ (β 1 > 0, β 2 > 0 and β 3 > 0) and that the last two predictors are negatively associated with IQ (β 4 < 0, β 5 < 0) (step 2). Thus, a total of five inequality constraints were imposed on the regression coefficients (step 3). Furthermore, the researchers expected a medium effect size (f 2 = 0.10) for the omnibus F-test and a weak correlation (ρ = 0.20) among the predictor variables. All things considered, classical sample-size tables based on the F-test reveal that at least 136 subjects are necessary to obtain a power of 0.80 (α = 0.05). However, when the expected positive and negative associations are taken into account, then from Table 3 it can be retrieved that by means of imposing five inequality constraints, only 80 subjects are needed to maintain a power of 0.80 (see row n p5 5 ). That is a substantial sample-size reduction of about 40% or 56 subjects.
The R code to evaluate this inequality constrained hypothesis is analog to the ANOVA example (step 5):
R> data <-read.csv("IQ. The results (see Supplementary Material, Appendix 7) show that the inequality constrained hypothesis is not rejected in favor of the unconstrained hypothesis,F B = 0.211, p = 0.847, and that the null hypothesis is rejected in favor of the constrained hypothesis,F A = 10.707, p = 0.019. Thus, the results are in line with the expectations of the researchers. The results for the classical F-test are again not significant, F = 2.184, p = 0.067.
DISCUSSION AND CONCLUSION
In this paper we presented the results of a simulation study in which we studied the gain in power for order/inequality constrained hypotheses. The presented sample-size tables are comparable with the sample-size tables described in Cohen (1988) but with the added benefit that researchers will be able to look up the necessary sample size with a pre-defined power of 0.80 and number of imposed constraints.
We included an increasing number of order constraints in the One-Way ANOVA hypothesis test and inequality constraints in the linear regression hypothesis test. The ANOVA results, for k = 3, . . ., 8 groups, showed that a substantially amount of power can be gained when constraints are included in the hypothesis. Depending on the number of groups involved, a maximum sample-size reduction between 30 and 50% could be gained when the full ordering between the means is taken into account. For k > 4 it is questionable whether imposing less than two order constraints is sufficient for the minor gain in power; for k > 7 this may be questionable for less than three constraints. Furthermore, we also investigated the effect of constraint misspecification on the power. The results showed that small deviations have only a minor impact on the power.
The linear regression results reveal that, for p = 3, 5, 7 parameters, the power increases with the restrictiveness of the hypothesis independent of effect size. Again, a substantial power increase between approximately 30 and 50% can be gained when taking a correlation (ρ) of 0.20 between the independent variables into account. These findings are comparable with the ANOVA results, but only apply to the maximum number of constraints. In all other cases, the results showed that an ordering of the parameters leads to a higher power compared to imposing inequality constraints on the parameters. Nevertheless, full ordering of the parameters may be challenging, while imposing inequalities on the parameters may be an easier task. Hence, combining inequality constraints and order constraints may be a solution for applied users.
The current study has some limitations. In the data generating process (DGP) for the ANOVA model, we made some simplifying assumptions: the differences between the means are equally spaced, the sample size is equal in each group, there are no missing data, and the residuals are normally distributed. For the linear regression model, the DGP assumes that the correlations between the independent variables are all equal. In future research, the effects of these assumptions on a possible power drop should be studied. Moreover, we only investigated a limited set of possibilities and extensions for α = 0.01 and different power levels are desirable. However, because it is impossible to cover all possibilities, we are currently working on a user-friendly R package for constrained hypothesis testing which will include functions for sample-size and power calculations. Despite these limitations, we believe that the presented sample-size tables are a welcome addition to the applied user's toolbox, and may help convincing applied users to incorporate constraints in their hypotheses. Indeed, notwithstanding the substantial gain in power, constrained hypothesis testing is still largely unknown in the social and behavioral sciences, although the social and behavioral sciences are a good source for ordered tests. For example, in an experimental setting, the parameters of interest (e.g., means) can often be ordered easily. In a non-experimental setting variables such as "self-esteem," "depression" or "anxiety" do not conveniently lend themselves for such ordering, but attributing a positive or a negative sign can often be done without much difficulties.
In conclusion, including prior knowledge into a hypothesis, by means of imposing constraints, results in a substantial gain in power. Researchers who are dealing with inevitable small samples in particular may benefit from this gain. Therefore, we recommend applied users to use these sample-size tables and corresponding software tools to answer their substantive research questions.
